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(57) A neural network learning system in which an 
input-output relationship is inferred. The neural 
network learning system includes a probability 
density part (12) for determining a probability 
density on a sum space of an input space and 
an output space from a set of given input and 
output samples by learning, the probability den- 
sity on the sum space being defined to have a 
parameter, and an inference part (13) for deter- 
mining a probability density function based on 
the probability density from the probability den- 
sity part, so that an input-output relationship of 
the samples is inferred from the probability 
density function having a parameter value de- 
termined by learning, the learning of the par- 
ameter being repeated until the value of a 
predefined parameter differential function us- 
ing a prescribed maximum likelihood method is 
smaller than a prescribed reference value. 
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The present invention generally relates to a neural network learning system, and more particularly to a 
neural network learning system in which a neural network model based on a unified theory using mathematical 
statistics is constructed and used. By the unified theory, conventional neural networks such as Boltzmann 
machine and function approximation neural networks (FANN) are generalized, and the disadvantages of the 
3 conventional neural networks are eliminated. 

Recently applications of neural networks to pattern recognition, voice recognition, robotic control and 
other techniques have been studied, and it is recognized that the neural network applications are very useful 
in those field In the prior art. a known neural network learning system obtains an input-output relationship by 
taking given inputs and desired outputs corresponding to the given inputs, so that learning of a neural network 
w is performed in accordance with the input-output relationship. ..... 

Fig 1 shows an input-output relationship which is inferred by a conventional neural network learning sys- 
tem of the type as described above. In the neural network learning system shown in Fig. 1. an input-output 

relationship Is Inferred from a set of given input and output samples [(xi. yl); i= 1 , 2 N]. A parameter w, which 

satisfies the function y= fl(w. x) indicating the input-output relationship with the maximum likelihood, is ob- 
tained. In other words, the output y (= e(w. x)) in accordance with the input-output relationship is obtained from 
the given teaching data [(xi.yi)] in the conventional neural network learning system. 

However the learning performed by the conventional neural network learning system described above 
relates to correspondence between one inputand one output only. Generally, the known neural networks, such 
as the Boltzmann machine orthe FANN, cannot estimate the variance of outputs, cannot deal with the learning 
with respect to correspondence between one input and multiple outputs, and cannot judge whether a g.ven 
input is known or unknown. Also, in the above described learning system, it is impossible to obtain an input 
for a given output in accordance with the inferred input-output relationship in the reverse manner. Also, it 6 
impossible to estimate the reliability of the output y obtained through the above described inference 

Accordingly, it is a general aim of the present invention to provide an improved neural network learning 
25 system in which the above described problems are eliminated. 

Another, more specific aim of the present invention is to provide a neural network learning system wh.ch 

... ... .. . i i. „„„..„h inrlne ujhather nr not an outDut actually 

obtains many Kinos or iniorrriaiiun nuiM iiiB iiduio. n=t..w..«, w..w- B . . ~, — D - ■- • - 

takes place for a given input, and increases flexibility with respect to the learning of the neural network. The 
above mentioned object of the present invention is achieved by a neural network learning system which com- 
30 prises a probability density part for determining a probability density on a sum space of an input space and 
an output space from a set of given input and output samples by learning, the probability density on the sum 
space being expressed by a parameter, and an inference part for inferring a probability density funchon based 
on the probability density from the probability density part, so that an input-output relationship of the samples 
is inferred from the probability density function having a parameter value determined by learning, the learning 
35 of the parameter being repeated by the inference part until a value of a predefined parameter difference func- 
tion using a prescribed maximum likelihood method is smaller than a prescribed reference value. 

According to the learning system of the present invention, it is possible to realize an arbitrary multa-yalued 
function with respect to the posterior probability. Itisalso possible to determine whether a grven input is known 
or unknown.' Further, it is possible to obtain a set of input values in response to a given output value. These 
capabilities of the learning system of the present invention can realize neural network communication resem- 
bling human communication. 

Still another aim of the present invention is to provide a neural network learning system in wh.ch the clus- 
tering of teaching data is performed by using either a non-hierarchical classifying technique or a hierarchical 

das^ng^echnique^^ invention ls to provide a data analyzing device used in the neural network 

learning system mentioned above in which the optimal clustering of data is performed even if the items of data 
of clusters have different configurations. 

Other features of the present invention will become apparent from the following detailed descnphon of ex- 
emplary embodiments when read in conjunction with the accompanying drawings, in which: 
so FIG.1 is a diagram showing an input-output relationship inferred by a conventional neural network learning 

FKlTb a block diagram showing a first embodiment of a neural network learning system according to 

the present invention; tt _:„„..f„„H 
FIG.3 is a diagram for explaining a probability density function on the sum space with respect to input and 
55 output vectors when the function has a parameter; 

FIG 4 is a flow chart for explaining a learning process performed by the learning system shown in FIG.2; 
FIG 5 is a diagram showing the distribution of the probability density when an exponential funcbon is used; 
FIG 6 is a block diagram showing a second embodiment of the learning system according to the present 
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invention; 

FIG. 7 is a diagram showing a probability density function obtained in the learning system shown in FIG. 6; 
FIG. 8 is a diagram for explaining a conditional probability distribution to determine a set of output values 
of y from a given input value of x in accordance with the probability density function shown in FIG.7; 
5 FIG. 9 is a diagram for explaining a conditional probability distribution to determine a set of input values of 

x from a given output value of y in accordance with the probability density function shown in FIG.7; 
FIGS. 10 through 12 are diagrams showing examples of neural networks in the learning system according 
to the present invention; 

FIG. 13 is a flow chart for explaining a learning process performed according to the present invention; 
w FIG. 14 is a diagram showing another example of a neural network in the learning system according to 

the present invention; 

FIG. 15 is a block diagram showing a third embodiment of the learning system according to the present 
invention; 

FIG. 16 is a block diagram showing an example of the learning system of the third embodiment in which 
15 the clustering of data is performed using a hierarchical technique; 

FIG. 17 is a block diagram showing a fourth embodiment of the learning system according to the present 
invention; 

FIG.1 8 is a block diagram showing an example of the learning system of the fourth embodiment in which 
the clustering of data is performed using the hierarchical technique; 
20 FIG. 19 is a block diagram showing a data analyzing device used in the learning system according to the 

present invention; 

FIG. 20 is a block diagram showing a construction of a convergence discriminator of the data analyzing 
device shown In FIG.1 9; 

FIG. 21 is a block diagram showing another construction of the convergence discriminator of the data ana- 
25 lyzing device shown in FIG. 19; and 

FIG. 22 is a block diagram showing another data analyzing device used in the learning system according 
to the present invention. 

A description will now be given of a first embodiment of a neural network learning system (hereinafter called 
the learning system) according to the present invention, with reference to FIG.2. A neural network learning 

30 system 1 of this embodiment, as shown in FIG. 2, includes a probability density determining part (hereinafter 
called the determining part) 11 for inferring and obtaining a probability density of an input-output relationship 
through learning. The determining part 11 has a computing part 1 2 and an inference part 1 3, as shown in FIG. 2. 

In the first embodiment of the learning system shown in FIG. 2, it is assumed that Sx is an input space on 
which an input vector x is defined, and that Sy is an output space on which an output vector y is defined. A 

35 neural network is defined to be a probability density function P(w; x, y) on the sum space A - Sx + Sy according 
to the present invention. The probability density function P(w; x, y) on the sum space A is expressed by a para- 
meter w, the input vector x, and the output vector y. The determining part 11 infers a probability density from 
the set of given input and output samples [(xi, yi)] by learning, and obtains the probability density function P(w; 
x t y) on the space A defined by the parameter w being learned through a prescribed maximum likelihood meth- 

40 od. 

More specifically, in order to infer and obtain a probability density function P(w; x, y) on the sum space A, 
the computing part 12 computes probabilities L(w) for the set of given input and output samples [xi, yi] (i= 1, 

2 N). By applying the maximum likelihood method to the probabilities L(w) obtained by the computing part 

12, the inference part 13 infers a probability density from the probabilities L(w) of the samples, and outputs a 
45 * r probability density function P(w; x, y) defined by the parameter w obtained through the maximum likelihood 
method. 

Next, the operation performed by the learning system 1 of the first embodiment will be described. A set 
1 of given input and output samples [(xi, yi)] Is a set of points, indicated by cross marks shown In FIG.3, lying on 
the sum space A. It is assumed that the samples are distributed on the sum space A in accordance with the 
50 probability density function P(w; x, y). The probability L(w) for the set of given input and output samples [(xi, 
yi)] is represented as follows. 



L (w) = I~f P (w ; X i . Y i ) (1) 

"L(w)" in formula (1) is the likelihood function with respect to the parameter w, and the parameter w can 
be determined from the probability L(w) having the maximum value. The logarithm function (= log(x)) mono- 
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tonously increases or decreases when the variable x increases or decreases. Determination of the Poster 
w fL L logarithm of the probability L(w) having the maximum value is equivalent to deterrnmatio o the 
parameter w Som the probabiiity L(w) having the maximum vaiue. Thus, the V^^^'^^^Z 
the logarithm of the prcbability L(w) having the maximum value. The maximum value of the togarthm o the 
probability L(w) can be obtained by finding a value of the parameter w when the value of the parameter dif- 
ferential dw is smaller than a predetermined reference value "E", through the ma*,mum likelihood method. 
When the maximum likelihood method described above is applied to the probability L(w), 

dw=9 logL r» /dw = Cl/L (w))-(9L (w) /9w) 
= (1 /P (w : X , y; ))•( 3 ? (w ; X , . Y ■ > /3*') 

(2) 

By applying the maximum likelihood method using the above formula (2), the parameter w corresponding to 
the proSity L(w) having the maximum value can be determined. The probability L(w) has the maximum «l- 
uewhe^^ 

wwherethe required condition is satisfied isdetermined to be the parameter w corresponding to the probability 

L(w) having the maximum value. „.i,-kiiitw 

By using the above formula (2), it is possible to determine the parameter w correspond.ng to he probab ity 
L(w) having the maximum value on the sum space for the set of given input and output samples Thus the 
inference part 13 infers and obtains the probability density function P(w; x, y) having the parameter w from 
the probability L(w) of the computing part 1 2 in accordance with the above formula (2). 

' 1 . . _„-__.« 1 1». th«i=orn,nn ™ S h»m nf the Dresent invention in accordance 

i-ita 4 snows a iearuiiiy"M<uiwoo woi ioiiiiw*j-^/-*>.w-.-— -■ ••••o- — — • ... . 

wit h the lb described leaning ruie. In this process, a maximum number IT of iterations of this routine for 
a set of given Input and output sampies [<xi. yi)] is predetermined. The value of the parameter drfferent-d ^dw 
is compared with a predetermined reference value "E» to judge whether or not the learning of the parameter 

W ' 8 tathe'S™ chart shown in FIG.4. step S1 initially sets a count number "loop- to 1 . Step S2 detects whether 
or not the count number loop" has reached the maximum repetition number M bycompanng the court .number 
"loop" with the number M. When the count number "loop" has reached the number M, the process ends. The 
subsequent steps S3 through S6 are repeated until the count number "loop" has reached the number M 

sVep S3 computes the value of the parameter differential dwfrom the set of given input and output samp es 
[(xi. yi)] according to the above formula (2). Step S4 detects whether or not the value of the parameter drffer- 
ential dw Is smaller than the reference value "E". 

When the parameter differential dw Is not smaller than the reference value E , the next steps S5 and S6 
are taken. Step ,35 increments the parameter* by the parameter differential dw. Step S6 mcrements the count 
number 'loop" by one. Then, the steps S2 to S6 are repeated. Qm „,^ 
When the dw is smaller than the value »E» in step S4, it is determined that the learning for the samples 
is completed, the determining part 11 outputs the probability density P(w; x, y) on the sum space A(the prob- 
ability density P having the value of the parameter w at this time), and the learning process ends 

in the forgoing description, there is no exam^ 
the parameter w. I order to embody a neural network mode, according to the present inven ton. >»-ng 
function is used as an example of the probability density function on the sum space A with the parameter w. 

x P (W ; X. y) = db C» ex P (w " : x ' y) 5 (3) 

where 0 (wh; x. y) is an arbitrary function indicating the relationship between the parameter w and the input 

M ^ ttSJ density function P(w; x. y) of formula (3) indicates the linear combination of the ^values of 
the exponential function "exp <-e (wh; x. y))". RG.5 shows a probabflity distribution of the P"*^ *n«y 
P(w; x y) when the exponential function according to the above formula (3) is used. In the above f rst embodi- 
ment, he function o (wh; x, y) indicating the relationship between the parameter w and the mput and output 
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vectors x and y can be used. 

Next a description will be given of a second embodiment of the learning system according to the present 
invention, with reference to FIGS.6 and 7. FIG.6 shows a neural network learning system 2 of this embodiment 
The learning system 2, as shown in FIG.6, includes the determining part 11 (having the computing part 12 
5 and the inference part 13), which is essentially the same as shown in FIG. 2, and an input/output relationship 
inference part 20 for inferring and outputting the relationship between input vector x and output vector y in ac- 
cordance with the probability density function P(w; x, y) obtained by the determining part 11. 

The inference part 20 of the neural network learning system, shown in FIG.6, includes a conditional prob- 
ability estimation part 24 for computing a conditional probability distribution P(w; y I x) to determine outputs y 
w for a given input x (or, a conditional probability distribution P(w; x I y) to determine inputs x for a given output 
y) in accordance with the probability density function P(w; x, y) supplied from the probability density deter- 
mining part 11. 

The inference part 20 shown in FIG.6 further includes an output part 25 for outputting an input-output re- 
lationship between the input vector x and the output vector y in accordance with the conditional probability 
15 distribution from the conditional probability estimation part 24. 

Next, the operation performed by the learning system 2 of the second embodiment shown in FIG.6 (es- 
pecially, the operation performed by the inference part 20) will be described. When the probability density func- 
tion P(w; x, y) on the sum space as shown in FIG.7 is obtained by the determining part 11, the estimation part 
24 determines a conditional probability distribution P(w; y I x) in accordance with the probability density func- 
20 tion P(w; x, y) of the determining part 11, in order to obtain the relationship between the input vector x and 
the output vector y. This conditional probability distribution P(w; y I x) is given as follows. 

P (w ; y | x) = P (w ; x, y) /P (w ; x) (4) 

or 

P(w;x) = JP(w;x,y' )dy* (5) 
25 When the conditional probability distribution P(w; y x) is obtained by the estimation part 24, the inference 

part 20 can determine a set of values of y from a given input sample x in accordance with the conditional prob- 
ability distribution, as shown in FIG.8. However, since the conditional probability distribution P(w; ylx) is not 
data that should be output, the output part 25 of the inference part 20 determines the relationship between 
input x and output y in accordance with the conditional probability distribution of the estimation part 24 by using 
30 one of the following methods. 

The first of the above mentioned methods is that the output part 25 takes one of a set of random numbers, 
distributed with equal probability in an effective range of the space, and uses that random number as the output 
value of y having a probability according to the conditional probability distribution P(w; y x) of the estimation 
part 24. The output part 25 outputs the determined input-output relationship. In a case where a set of output 
35 values y corresponding to the value of input vector x exists, the output part 25 outputs a plurality of output 
values y having different probabilities. 

A second method is that the output part 25 obtains the average of output values y from the conditional 
probability distribution P(w; y I x) of the estimation part 24, as follows. 

average of y = // P (w ; y' I x) dy' (6) 
40 The output part 25 takes the average of output values y according to formula (6) as the input-output relationship 
that is to be output. When the second method described above is used, it is possible to determine the input- 
output relationship with good reliability when the variance of the output values is small. 

A third method is that, when a limited number of output values y1, y2 T ym corresponding to one given 
input x exist, the output part 25 outputs combinations of output value y and its probability density P(w; yi | x) 
45 as the output data of the input-output relationship. The combinations [(yi, P(w; yi I x)] (i=1,2,..,m) are output by 
the output part 25. 

The third method described above can be suitably applicable to character recognition or voice recognition. 
By using the third method described above, it is possible to obtain the input-output relationship together with 
the reliability of each output. 

so in the above described operation performed by the inference part 20, it is possible to determine a set of 

values of y from the given input sample x in accordance with the conditional probability distribution of the es- 
timation part 24. If the above mentioned procedure (one of the three methods) is applied to character recog- 
nition, one can obtain a set of character recognition results with the respective probabilities in response to a 
given input character pattern. For example, when an input character pattern **A W (the input vector x) is given, 

55 one can obtain the character recognition results including a first result "A" with 70% probability, a second result 
"A1 " with 20% probability and a third result with 10% probability. 

When the probability density function P(w; x, y) on the sum space shown in FIG.7 is obtained, the inference 
part 20 can determine a probability P(x) of the input x in accordance with formula (5) only. When the thus 
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determined probability P(x) of the input x has a relatively small value, it can be judged that the input x is data 
which has not been learned by the learning system. In other words, the learning system of the present invention 
can judge whether the input x is known or unknown. 

In addition if the probability density function P(w; x, y) shown in FIG.7 is obtained, the inference part 20 
obtains the conditional probability distribution as described above. By performing the reverse procedure, the 
inference part 20 can determine a set of values of input vector x from a given output sample y in accordance 
with the conditional probability distribution of the estimation part 24 having been determined. The conditional 
probability distribution in this case is obtained by the estimation part 24 as follows. 

P (w ; x I y) = P (w ; x, y) IP (y) (7) 

P (y) = JP (w ; x' , y) dx' (8) 
In accordance with the conditional probability distribution P(w; x I y) of the estimation part 24, the inference 
part 20 can determine a set of values of input vector x from a given value of output vector y in accordance with 
the conditional probability distribution P(w; xly), as shown in FIG.9. The inference part 20 thus determines 
the relationship between the input vector x and the output vector y in accordance with the conditional prob- 
ability distribution of the estimation part 24 by using one of the three methods described above. 

When the probability density function P(w; x, y) on the sum space is obtained, the inference part 20 can 
infer and obtain a probability P(y) of the output y in accordance wit h formula (8) only. When the t hus determined 
probability P(y) of the output y has a relatively small value, it can be judged that the output y is data which has 
not been learned by t he learning system. 

Next a description will be given of some neural network models used by the learning system of the present 
invention when the form of the probability density function P(w; x, y) having the parameter w on the sum space 
A is predetermined. As a first neural network model as mentioned above, the following probability density func- 
tion having the parameter w = (w1, w2) will be considered. 

P (w ; x, y) = exp { - R (w^x) } exp { - ||y - 0 (w 2 .x) IP } (9) 
In response to the given value of the input vector x ( the conditional probability distribution P(w; y |x) of 
formuia (a) is determined as fuiiuws. 

P (w ; y I x) = C exp { - ||y - 0 (w 2 , x) p } (10) 
The following formulas are derived by applying the above mentioned maximum likelihood method using 
formula (2) to the above formula (10). 

dw, =- Z (BR (w, , Xi ) /3\v, ) 
d\v 2 =-21 3 {II y. -0 (V: . Xi ) IIV8w 2 

It should be noted that the above formulas (11) are in accordance with the known error back-propagation 
results according to the learning method used in the conventional neural network. Thus, the first example of 
the neural network model used in the learning system of the present invention is an extension of a conventional 
neural network model. By using the first example of the neural network model mentioned above, it is possible 
to provide a generalized multi-layered perceptron (MLP) neural network used in the learning system according 
to the present invention. 

The following example is an assumed probability density function P(w; x, y) for use in a function approxi- 
mation neural network (FANN). Consideration will be given to this example. 

P (w; x, y) = CI / (2 na % ) K/2 ) • R (x) 

• exp {- II y-0 (w 2 . x) II 2 / (2 a 2 ) } 
SR Cx) dx= ] <"> 

In this example it is impossible to obtain the conditional probability distribution of the input vector x in accor- 
dance with the probability density function of formula (12) since the function R(x) of this formula indicating 
the input probability distribution has no parameter w. 

In contrast, when the probability density function P(w; x, y) of formula (9) is used by the learning system 
of the present invention, one can obtain the conditional probability distribution of the input vector x in accor- 
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dance with formula (9) since the function R(w1 , x) of formula (9) has the parameter w1 . The learning and the 
inference can be suitably carried out with respect to the parameters w1 and w2 in the case of the above men- 
tioned first example of the neural network model wherein the probability density function P(w; x, y) of formula 
(9) is used. After the learning of the samples is performed, the probability density R(w1, x) of the input vector 
x is obtained. Thus, it can be determined whether the value of the input vector x is known or unknown, by com- 
paring the value of the function R(w1, x) with a prescribed value. 

As a second neural network model as mentioned above, the following probability density function will be 
considered, which function has the parameter wh = (xh, yh, Qh). 



P (W ; X. y) = 

exp {-llx-x* II 2 -lly-y h H ? -6, ) 



(13) 



The form of the probability density function P(w; x, y) is in accordance with formula (3), and the probability 
density function of formula (1 3) indicates the linear combination of probabilities of the normal distributions with 
respect to the input vector x and the output vector y, as shown in FIG.5. When the probability density function 
of formula (13) is assumed, the conditional probability distribution P(w; y I x) of formula (13) in response to the 
20 given input vector x is as follows. 

PCwiylx)^^^-^ 112 -^-^^- 6 ^ (14) 
zV2n.exp{-||x-xJ|2 - %) 
The following formulas are derived by applying the above mentioned maximum likelihood method using 
formula (2) to the above formula (14). 

25 

exp {- II x - x » II ' - II y - y * 

66. =-H : — — T— 

P (w ; x. y ) 

30 

(x. -x) exp {-ltx-x. II 3 -ll y-y» II ? -g» » 
dXh ? P (w : x.. y) ■ ' 

(y h -y) exp f-llx-x. II* -lly-y. II 3 -0* ) 

35 d V h = - 22 : 

P (w ; -x. y ) 

(15) 



FIG. 10 shows an example of the neural network in which the second neural network model described 
above is embodied for use in the learning system according to the present invention. This neural network, as 
shown in FIG. 10, includes an input layer 31, an intermediate layer 32, and an output layer 33. In the intermedi- 
ate layer 32, there are a stimulating cell unit layer 35 having a set of units corresponding to a set of Input units 
of the input layer 31, a stimulating cell unit layer 36 having a set of units corresponding to a set of output units 
of the output layer 33, a number of normalizing parts 38, and a restraining cell unit 37. 

The number of the units in the stimulating cell unit layer 35 is indicated by "H" and the number of the units 
in the stimulating cell unit layer 36 is indicated by "IT. One of the units of the stimulating cell unit layer 35 cor- 
responds to one of the units of the stimulating cell unit layer 36. The normalizing parts 38 and the restraining 
cell unit 37 are provided between the stimulating cell unit layer 35 and the stimulating cell unit layer 36. 

When the input x is given to the input layer 31, each of the units of the input layer 31 outputs the value of 
xh (h= 1, 2 H) to the corresponding unit of the stimulating cell unit layer 35 of the intermediate layer 32. 

In the intermediate layer 32 shown in FIG.10, each unit of the stimulating cell unit layer 35 produces an 
output value oh (h= 1, 2, H) to the restraining part 37 so that the sum S of the output values oh from the 
stimulating cell unit layer 35 is computed by the restraining part 37 and the sum S of the output values oh is 
output to the normalizing parts 38. 

The normalizing parts 38 respectively normalize the output values oh of the layer 35 by dividing each out- 
put value oh by the sum S of the restraining part 37, and the normalized output values oh/S are respectively 
output by the normalizing parts 37 to the corresponding units of the stimulating cell unit layer 36. Each unit 
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of the stimulating cell unit layer 36 produces an output value yh <h= 1, 2 H) to the corresponding unit of 

the output layer 33. so that output values y are respectively output by the units of the output layer 33. 

More specifically, when the input values x are given to the input layer 31, the output value oh produced 
by each unit of the stimulating cell unit layer 35 to the restraining part 37 is determined as follows. 

O h = exp{-||x-x h |P - 6 h > (16) 

The sum S of the output values oh output by the restraining part 37 to the normalizing parts 38 is deter- 
mined as follows. 



S = ZZZ O. (17) 

n - t 

As the result of the above described procedure, the conditional probability distribution of the output vector 
y produced by the output layer 33 is determined as follows. 



p (W : y I X) - 2; 



(0, /s) • exp (-11 y-y» 11 s) (is) 



The form of the above formula (1 8) corresponds to the form of formula (14), and it can be readily under- 
stood that the second neural network model described above is embodied in the neural network shown .n 
FIG 10 Thus by applying the above formula (18). it is possible to construct a neural network learning system 
in which the neural network shown in FIG.10 is used. The learning can be carried out by the learning system 
in accordance with the learning rule of the above formula (15). 

Next, as a third neural network model, the following probability density function will be considered, which 
function has the parameter wh= (xh, yh, 8h). 



H 1 ii.- 11 > - \\ x — S (w» . x) II 1 — 9 1 > 

P(w:x.y)= ±^ «p I- !!x-x* » 11 1 v 

(19) 

The form of the probability density function P(w; x. y) of the formula (19) is in accordance with that of the 
formula (3). When the probability density function of the formula (13) Is assumed, the conditional probability 
distribution P(w; y I x) of formula (1 3) in response to a given value of the input vector x is determined as follows. 
P(wy I x)= ^x P{ -ix_-x h P -lly- fl (w h .x)ip - (U (2Q) 
sV2n-exp{-i|x-x h |P -»„} 

Thus, by applying the maximum likelihood method using formula (2) to the above formula (20), it is possible 
to obtain a learning rule which is similar to that obtained according to formulas (15). 

FIG 11 shows another example of the neural network in which the third neural network model described 
above is embodied for use in the learning system according to the present invention. This neural network, as 
shown in FIG 11 includes an inputlayer41 . an intermediate Iayer42, and an outputlayer43. In the intermediate 
layer 42 there are a first cell unit layer 45 having units corresponding to input units of the input layer 41, a 
second cell unit layer 46 having units corresponding to output units of the output layer 43, a number of nor- 
malizing parts 48, and a restraining cell unit 47. 

The function 0 (wh, x) of formula (20) is defined with the first cell unit layer 45. The normalizing parts 48 
and the restraining cell unit 47 are provided between the first cell unit layer 45 and the second cell unit layer 
46 

' The units of each of the first cell unit layer 45 and the second cell unit layer 46 are divided into groups of 
units each group corresponding to one of the units of the output layer 43. Also, the normalizing parts 48 are 
divided into groups of units, each group corresponding to one of the units of the output layer 43 One of the 
units in each group of the second cell unit layer 46 produces an output value to one of the units of the output 
laver 43 

When the input x is given to the input layer 41. each of the input units of the input layer 41 outputs an 

output value xh (h= 1. 2 H) to the corresponding unit of the f irst cell unit layer 45 in the intermediate layer 

42 Each of the input units of the input layer 41 also produces the output value xh to the restraining cell unit 
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47, so that the sum of the output values xh from the input layer 41 is computed by the restraining cell unit 47 
and that the sum of the output values xh is output to the normalizing parts 48. 

The normalizing parts 48 respectively normalize output values from the units of the first cell unit layer 45 
by dividing each output value by the sum from the restraining cell unit 47. The normalized output values from 
5 the normalizing parts 48 are provided to the corresponding units of the second cell unit layer 46. One of the 
units in each group of the second cell unit layer 46 produces an output value to the corresponding unit of the 
output layer 43. 

In the neural network described above, it is possible to obtain the conditional probability distribution P(w; 
y I x) of the output vector y in accordance with formula (20). Thus, it is possible to obtain a probability unified 
10 perceptron by utilizing the above described neural network, and the learning can be performed in accordance 
with a prescribed learning rule according to formula (20). 

As described above in the first and second embodiments of the learning systems shown in FIGS.2 and 6, 
when the neural networks shown in FIGS.10 and 11 are used, it is possible to obtain the conditional probability 
distribution by using one of the three methods described above. Thus, a set of values of input vector x from a 
15 given value of output vector y can be determined, and a set of values of output vector y from a given value of 
input vector x can be determined in the reverse procedure. Also, when the neural networks shown in FIGS.10 
and 11 are used, it is possible to judge whether the given input x is known or unknown. 

In the first model shown in FIG. 10, it is possible to infer and obtain the probability distribution of input vector 
x when the probability density function P(w; x, y) of formula (9) is assumed. After the learning is performed 
20 based on the resulting probability distribution, it can be judged whether the input vector x is known or unknown. 

However, in the foregoing description, no specific example of the function R(w1 , x) of formula (9) is given, 
which function indicates the probability distribution of the input vector x. Therefore, a description will be given 
of an example of the function R(w1, x) and how to judge whether the input vector x is known or unknown. 

The probability density function P(w; x, y) of formula (9) is re-written as follows. 



25 



30 



40 



45 



P (\v, f w 2 ; x, y ) = 

R' (w,:x) r \\ Y ~ <t> ( w ; :x) ll 2 ) 

— • e *p { : — r~ 



} 



(21) 



In this formula, a (w2; x) is a function derived from the multi-layered perceptron (MLP). The function R'(w1; 
x) of formula (21) corresponds to the function R(w1 , x) of formula (9). An example of the function R*(w1; x) of 
35 formula (21) is as follows. 

] H l 

R' (w, : x) = 



Z (0) ~ (2no, 



x - X h 



(■ II A A h II 1 

exp 1 r 6 „ \ 

x 2 V J 

Z (0) = 21 exp (0 h ) (22) 



. In the above mentioned example, the function R'(w1; x) indicating the probability distribution of input vector 
x is approximated by the linear combination of probabilities of a prescribed probability density function (e.g., 

so normal distribution function having parameters xh, em and 9h). When the function R'(w1; x) i9 approximated 
by the linear combination of such probabilities, the learning of the multi-layered perceptron function f(w2; x) 
is achieved by performing the learning of the parameter w2 of formula (21). The inference of the probability 
distribution of input vector x is achieved by performing the learning of the parameter w1 of formula (21), the 
parameter w1 being a function of xh, oh, 9h (h= 1, 2 H). 

55 The above mentioned maximum likelihood method, used in the second neural network model, is used as 

the learning rules for the learning of the parameters w1 and w2. When the maximum likelihood method men- 
tioned above is used, the learning rules for the learning of the parameters w1 and w2 are as follows. 
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d w, 



d t aw, 



log P (w, . w 3 ; x, y) 



(23) 



log P (Wi . w, ; x. y) 



The following formula Is derived from the learning rule of the above formula (24). 



y - 0 (w 2 : x i ) 



d 1 '" J 8 w a (25) 

It should be noted that the form of formula (25) is in accordance with that of the known error back-propagation 
The following formulas are derived by substituting the function R'(w1; x) of formula (22) into formula (23). 

d x h s ( x , - x r. ) S h 



d 


t 


6 




6 


t 


' c 





s 2 N i, ■ - N 
2~ : 

Oh 

exp ( 6 h ) 



I Sh! _ _- | (26) 



d t - 1 " z ce) 

In the above formulas (26), Shi and Nhi respectively denote the following formulas. 

_ exp {-llx, -x„ ir / (2a h Q + 
Shi= R (w, : X) Z (60 C2-a, 2 ) N " 

-X, II 2 / (2a fc 0 (27) 

All the values of the above mentioned formulas can be determined from the values of t he input and output 
vectors x and y, and it is possible to easily and quickly perform the learning of the parameter w1 . In the above 
described example, by using the approximation of the function R'(w1; x) by the linear combination of probabil- 
ities of the prescribed probability density function, it is possible to easily and quickly perform the learning of 
the parameter w1. Thus, a specific probability distribution of input vector x can be inferred and obtained. By 
using the probability distribution after the learning is performed, it is possible to output the probability of oc- 
currence of the input vector x. 

FIG 12 shows an example of the neural network in which the probability density function P(w1 , w2; x, y) 
of formula (21) is used. This neural network, as shown in FIG.12, includes a f irst neural network 81 and a sec- 
ond neural network 82. The first neural network 81 judges whether the given input vector is known or unknown. 
The second neural 82 has the capability corresponding to the multi-layered perceptron (MLP) or the radial ba- 
sis functions (RBF). The first neural network 81 includes an input layer 83 ? an intermediate layer 84, and an 
output layer 85. 

The second neural network 82 includes the input layer 83 which is shared by the first neural network 81 . 
The second neural network 82 also includes an intermediate layer and an output layer. The intermediate layer 
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and output layer in the second neural network 82 are the same as those of the known MLP neural network, 
a description thereof being omitted. 

In the neural network with the above mentioned construction, the learning of the parameter w2 of the func- 
tion P(w1, w2; x, y) is performed by the second neural network 82, and the learning of the parameter w1 is 
5 performed by the first neural network 81 as described above. 

After the learning of each of the parameters w1 and w2 is performed, the second neural network 82 pro- 
duces output y, corresponding to the output in the MLP neural network, and the first neural network 81 outputs 
the function R'(w1; x) indicating the probability distribution of input x. 

More specifically, in the first neural network, when the input vector x is given to the input layer 83, the 
10 values of the function according to formulas (26) and (27) are determined by the the input layer 83 and the 
intermediate layer 84, so that the function R'(w1; x) indicating the probability distribution of the input vector x 
is output by the output layer 85. If the value of the function R'(w; x) is greater than a prescribed value, it is 
judged that the input vector x is known. Conversely, if the value of the function R'(w1; x) is smaller than the 
prescribed value, it is judged that the input vector x is unknown. In this manner, it is possible to judge whether 
15 the input value x is known or unknown. 

In an extended neural network learning system of the first and second embodiments of the present inven- 
tion, not only the inference of output y (= a(w; x)) but also the inference of the variance of outputs can be per- 
formed. Thus, in such a learning system of the present invention, an accurate output probability can be ob- 
tained. For example, it is possible that the learning system provides information that at the critical factor of 
20 99% the output y lies in the range which follows. 

0(w; x) - a(w, x) < y < 0(w; x) + a(w, x) 
Next, a description will be given of a neural network learning system in which the accuracy of the output 
probability is ensured. Herein, a neural network model which uses a probability density function P(w; x, y) in- 
dicating the input-output relationship and a parameter w = (w1, w2) is considered. The probability density func- 
25 tion P(w; x, y) is given as follows. 

P (w ; x, y) = (1/Z (w,)) exp [ - { (y - 0 (w 2 , x)) / a (w 1( x) } 2 ] (28) 
In this formula, e(w2; x) denotes the function indicating the average of the probability distribution being 
inferred, and <r(w1, x) denotes the function indicating the standard deviation thereof. These functions are ob- 
tained in the above mentioned model through the learning of the neural network. 
30 In the above formula (28), Z(w1) denotes a normalizing factor which makes the integral of the probability 

density function P(w; x, y) equal to 1. This normalizing factor is obtained by simple computation as follows. 

Z (w, ) = J S P (w ; x. y ) d x d y 
35 = ,t n/2 S o (av, . x) d x (29) 

If it is proved that the given teaching data is in conformity with the probability distribution according to 
formula (28) at good accuracy, it is possible to correctly perform the inference of the output of the neural net- 
40 work with the accuracy of the output being ensured. For example, one can obtain the information indicating 
that at the critical factor of 99% the output y lies in this range: 

o(w 2f x) - 3o(w 1 ,x)<Y<0(w 2( x) + 3o(w 1t x) (30) 
Accordingly, by using the above described method, one can predict what variance relative to the average 
0(w2; x) the output Y has. Thus, it is possible to correctly estimate the reliability of the output probability. 
45 Next, a method to infer the average function 0(w2; x) and the standard deviation function o(w1; x) used 

by the above described learning system will be described. Similarly to the first and second embodiments de- 
scribed above, the probability or likelihood function L(w) is determined from a set of given input and output 
samples [(xi, yi)] in accordance with formula (1). By applying the maximum likelihood method to the logarithm 
function log L(w), as described above, the parameter differential "dw" according to formula (2) is repeatedly 
so computed. Thus, the learning rule with respect to the parameter w2 is obtained by substituting the above for- 
mulas (1) and (28) into formula (1), as follows. 

dw 2 = - (1/<r (w^x^) [ (d/d* 2 ) (y, - 0 (w 2 , x, ))2 ] (31) 
From the above formula (31), It is readily understood that, except the learning of the parameter w2 be- 
comes slower when the variance of the outputs increases, the learning method is the same as the known back- 
5$ propagation learning method. In the case of the MLP neural network, if the following formula is used as the 
function 0(w2; x), the learning system of the present invention can perform the neural network learning process 
being currently in wide use. 

0(W 2f X) = p (I W flP (Z WjkXO ) 
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p(x) = 1/(1 + exp(-x)) (32) 
In the case of the RBF neural network, if the following formula is used as the function a(w2; x), t he learning 
system of the present invention can perform the learning of the RBF neural network. 

B(w 2 ,x) = £C,exp(- (x-d,P) (33) 
The method to Infer the standard deviation o(w1. x) will be described. The following formula, which indi- 
cates the learning rule with respect to the parameter w1, is derived from formula (28). 

dw, = (3/Sw,) t-U'y. -4 (w,. x. n/a (w„ x;)l 

-Z (w,)3 

= 2 (y , - <■> (w,. x , )) 2 Off (w..x)/3w.) 

/a (w.. Xi )'D 

- (9/3w.)Z (w. ) (34 ) 



FIG 1 3 shows a learning process which is performed according to the learning rules of formulas (31 ) and 
(34) described above. In this learning process, the maximum number "M" of iterations of the learning routine 
for a set of input and output samples [(xi, yi)] is predetermined. The sum of squares of parameter differentiate 
»dw1" and "dw2" is compared with the predetermined reference value "E" so as to judge whether or not the 
learning of the parameters w1 and w2 Is completed. 

In the flow chart shown In FIG.13, when the set of input and output samples [(xi, yi)] is given, step S21 
initially sets a count number "loop" to 1 . Step S22 detects whether or not the count number "loop" has reached 
the maximum number M by comparing the count number "loop" with the maximum number M. If the . count num- 

....... i • ^^r, TUn ci ii~if?£ss-ii iont ctonc s"^ thrniinn 

berloop" has reached the maximum nuiTiuorivi, mu loan.my ■ _„ r "7"r: 

S26 are repeated to perform the learning until the count number "loop" has reached the maximum number M 

Step S23 computes the valueof the parameter differential "dw1" and the vaiueof the parameter differential 
"dw2" from the samples [(xi, yi)] according to the learning rules of formula (34) and (31). Step S24 computes 
the sum of squares of the parameter differentials "dw1 - and "dw2", and detects whether or not the sum of the 
squares is smaller than the reference value "E". . 

When the sum of the squares is not smaller than the reference value "E", the next step S25 ts taken. Step 
S25 increments the parameter w1 by the value of the parameter differential "dwT, and increments the para- 
meter w2 by the value of the parameter differential "dw2". Step S26 increments the count number loop by 
one Then the steps S22 to S26 are repeated to perform the learning of the parameters. 

When step S24 detects that the sum of the squares is smaller than the reference value "E", it is determined 
that the learning of the parameters is completed, and the learning process ends. The neural network learning 
system outputs the probability density P(w; x, y) on the sum space A. Especially, by using the value of the 
parameter w1 at this time, the inference of the standard deviation is performed in the learning system. 

Aspecial case of the standard deviation function is derived from the linear combination of values of a Gaus- 
sian type exponential function. The standard deviation function of this case is indicated as follows. 

a (w„ x) = E C| exp ( - (x - d, ) 2 ) 
Wi = {(C ll d l );i = 1,2,...} (35) 
In the above mentioned case, the standard deviation is obtained by the RBF neural network. A normalizing 
factor Z(w1) according to formula (28) is determined as follows. 

Z (w> ) = « *' 2 J (wi . x) d x 

= 77 ZI C i (36) 

According to the above formula (34), the learning rules with respect to the parameters Ci and di are de- 
rived, as follows. 
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dCi = (6/5x1 ) C- { 


yj - 0 


(W:. X i )) 


/o 




, ) ) ' -Z (ffi ) ) 


— O ( v — rh { \k: v 

— £ \ } i V> K. \V j , X 


i J/ L 






/o 


UV„ X, ) S -,T , - K '" ) 


where Sa (\\ r i.Xi ) / d C 


i =esp 


(- Cx, - d, ) ; ) 






(37) 


dd, = (S/5d . ) C- 


< (y , - 


- 0 (W,. X i )) 


/a 


(w,. X i 


)I ! -Z(w,)) 


= ■2 (y , - ^ > 


))* 


C (8a (wi,x) / 3d, ) 






/ O (Wi, X i )') 


where da (wi.Xi ) /9di 




= 2Ci (x-d, 


) exp 


(-Cx, -d, ) = ) (38) 



From these formulas, it is understood that a concrete learning rule to obtain the standard deviation is ap- 
plicable to the learning system of the present invention. All the values of the parameter differentials dCi and 
30 ddi of formulas (37) and (38) are easily computed from the outputs of the intermediate or the output layer in 
the neural network. This function can be easily used as a supplementary capability for the neural network in 
which the learning is performed through the known back- propagation method. 

FIG. 14 shows a neural network in which the conditions to ensure the accuracy of the probability of the 
output are incorporated. In the neural network shown in FIG.14, there are an input layer 61, a first intermediate 
35 layer 62, a second intermediate layer 63 provided in parallel with the first intermediate layer 62, and an output 
layer 64. 

When the input vector x is given, the input layer 61 produces an output value xh for the input vector x. As 
shown in FIG.14, the output value xh is supplied to both the first intermediate layer 62 and the second inter- 
mediate layer 63. In response to the output value xh of the input layer 61, the first intermediate layer 62 pro- 
40 duces an inferred average 0(w2; x), and it is supplied to the output layer 64. In response' to the output value 
xh of the input layer 61, the second intermediate layer 63 produces an inferred standard deviation <r(w1 ; x), 
and it is supplied to the output layer 64. 

The output layer 64 produces the output Y from the average of the layer 62 and the standard deviation of 
the layer 63, such that the value of the output Y from the output layer 64 at the critical factor satisfies these 
45 conditions: 

0(w2;w) - 3o(w1, x) < Y < 0(w2; x) + 3cr(w1,x) 
Therefore, in the neural network shown in FIG.14, it is possible that the accurate probability of the output 
Y is produced. 

FIG. 15 shows a third embodiment of the neural network learning system according to the present inven- 
50 tion. In the learning system shown in FIG.15, there are an input part 101 for inputting input vector x having N 
data elements from an external unit (not shown), an output part 102 for producing output vector y having M 
data elements, an output probability determining part 103, and a parameter learning part 103. For example, 
when the learning system described above is applied to character recognition, a character feature vector ex- 
tracted by the external unit from character data is supplied to the input part 101. 
55 The part 104 shown in FIG.15 determines an output probability for a given input x in accordance with a 

predetermined probability distribution on the sum space. The output probability from the part 104 is supplied 
to the output part 102, so that the output vector y having M data elements is produced by the output part 102. 
The parameter learning part 103 performs the learning of each parameter defining the probability distribution 
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In the learning system shown in FIG.15, an input-output relationship is predetermined in which any input 
and output samples are distributed according to a prescribed probability density function P(w; x, y) on the sum 
space The output probability determining part 104 has a parameter storage part 105 and a conditional prob- 
ability estimation part 106. In the parameter storage part 105, a set of parameters w for defining the probabtty 
density functions P(w; x. y) is stored. The conditional probability estimation part 106 defines the probability 
density function P(w; x. y) in accordance with each parameter of the parameter storage part 105, and produces 
a conditional probability distribution P(w; y I x) of the output y for a given input x in accordance with the function 
P(w; x, y), as follows. 

P (w ; y I x) = P (w ; x. y) liP (w ; x, / ) dy' (39) 

Determination of the conditional probability distribution in this procedure is made similarly to that of the 
second embodiment using formulas (4) and (5). 

In order to produce a desired output probability for a given Input, it is necessary to set the parameter w, 
stored in the parameter storage part 105, to an appropriate value. The parameter learning part 103 in this em- 
bodiment is provided to perform the learning of the parameters w for this purpose. The parameter learning 
part 103, as shown in FIG.15, includes a data storage part 107, a clustering part 108, and a parameter com- 

PUl "ln thedate storage part 107, teaching data having a set of given inputs xs and desired outputs ys [(xs 
vs) s= 1 SI is stored. The clustering part 1 08 performs clustering of the teaching data on the sum space of 
the inpui'space and output space. In other words, the clustering part 108 classifies the teaching date of the 
data storage part 107 into a numberof clusters. As a result of the clustering by the clustering part 108, statistical 
quantities of the clusters are determined. The parameter computing part 109 computes parameters in accor- 
dance with the statistical quantities of the clusters from the clustering part 1 08. The parameters from the para- 
meter computing part 109 are stored in the parameter storage part 1 05. 

In the clustering part 108 of the learning system shown in FIG.15, the clustering is performed by using 
either a non-hierarchical technique such as K-mean method or a hierarchical technique such as Ward method. 

■ a n ,,„Kar ui nf fluQtars is nrnsnt at the start Of trie 

Generally, wnen tne non-nieraruriii;ai iBtiiNiiH"= '«■ «""»"•""- ■—■ ■ - . . . 

clustering In contrast, when the hierarchical technique is used, the number H of clusters changes from an initial 
value step by step, and the final value of the number H is determined at the end of the clustering. 

The data of clusters obtained as the result of the clustering by the clustering part 108 is in accordance 
with a prescribed statistical distribution such as a normal distribution. The parameter computing part 109 com- 
putes a parameter for each cluster in accordance with the statistical distribution of the data of that cluster from 
the clustering part 108, and outputs the resulting parameter to the parameter storage part 105. 

In the output probability determining part 104, the approximation of each probability density function P(w; 
x y) is made from the linear combination of probability data in accordance with the probability distnbution for 
each probability density function. It is desirable that one of such probability distributions in the <^™una 
part 104 corresponds to one of the clusters in the parameter learning part 103. Thus, it is desirable that the 
number of clusters In the parameter learning part 1 03 is the same as the number of linear combinations cor- 
responding to the probability distributions in the determining part 104. 

When the clustering part 108 performs the clustering using the non-hierarchical technique, the number 
H of clusters can be presetto the number of the linear combinations in the determining part 104. The clustering 
part 108 classifies the teaching data (xs, ys) of the storage part 107 into clusters, the number H of clusters 
being the same as the number of the linear combinations in the determining part 104. 

However when the hierarchical technique is used in the clustering of the teaching data by the parameter 
learning part103, the number of clusters changes step by step during the clustering. Therefore, it is necessary 
that the number of the linear combinations corresponding to the probability distributions in the determining 
part 104 is set to the final value of the number H of clusters at the end of the clustering by the clustering part 
108 

When the teaching data (xs, ys) from the data storage part 107 is classified into clusters by the clustering 
part 108 using either of the two techniques mentioned above, the parameter computing part 109 computes 
parameters in accordance with the statistical quantities of the clusters from the clustering part 108 

More specifically, when the data of the clusters from the clustering part 108 is in accordance with a normal 
distribution, the parameter computing part 109 produces the average mh of the date of the clusters Ah <h= 
1 H) and the standard deviation matrix oh, and produces a parameter of the normal distribution for each 
cluster from the average mh and the standard deviation matrix ah. Also, in the parameter computing part 109. 
coefficients Ch with respect to the linear combinations are, respectively, determined from the number of teach 
ing date in each cluster divided by the total number of the teaching data. The parameter computing part 109 
outputs the resulting parameter w= (Ch, ch, mh) to the parameter storage part 105 of the determining part 
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104 for each cluster. 

In the output probability determining part 104, when the teaching data of each duster Ah from the clus- 
tering part 108 is in accordance with normal distribution, the probability density function P(w; x, y) is deter- 
mined from the linear combination of the normal distribution, as follows. 

5 

P (w ; x. y) = db C • <2,t) | a h ! 

ft — i 

™ • exp {- (l/2)-(Z-m h yd" (Z-nu ) ) 

(40) 

In this formula, Z denotes the data (x, y) and w denotes the set (Ch, oh, mh). The actual distribution of the 
15 teaching data on the input-output sum space is approximated by the linear combination of the normal distrib- 
ution. Based on the approximated distribution, the conditional probability distribution P(w; y I x) is determined 
according to formula (39). 

When Ward method is used as the hierarchical technique in the clustering of the teaching data by the clus- 
tering part 1 08, the number H of clusters changes, step by step, during the clustering, and is finally determined 
20 at the end of the clustering. At the start of the clustering, it is assumed that each item of the teaching data 
has one cluster, and thus the number of clusters is the same as the total number of items of the teaching data. 
The number of clusters is reduced step by step by linking two out of those clusters. Each time two clusters are 
linked, the following estimation function E is computed, and the value of the estimation function E increases 
by the minimum value. 

25 
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In this formula, Xh,v (v= 1 nh) is the data of each cluster Ch (h= 1.....H) and (Xh)m is the average of the 

data of the clusters Ch. The number H of clusters is thus reduced by the linking of two clusters, and the total 

35 number of clusters is finally determined at the end of the clustering. 

FIG. 16 shows a neural network learning system of the third embodiment described above in which the 
clustering of data is performed using the hierarchical technique such as Ward method. In the learning system 
shown in FIG. 16, the parts' which are the same as the corresponding parts of the learning system shown in 
FIG. 15 are denoted by the same reference numerals, and a description thereof will be omitted. 

40 The parameter learning part 103 shown in FIG.1 6 further includes an estimation computing part 130 and 

a size detecting part 131. When the clustering part 108 performs the clustering of teaching data by using the 
hierarchical technique such as Ward method, the estimation computing part 130 computes the value of the 
estimation function E of formula (41) each time two clusters are linked during the clustering performed by the 
clustering part 108. The size detecting part 131 detects whether or not the value of the estimation function E 

45 from the estimation computing part 130 is greater than a prescribed threshold value. When it is detected that 
the value of the estimation function E is greater than the threshold value, the clustering of the teaching data 
by the clustering part 108 ends. 

The number H of the linear combinations in the output probability determining part 104 is determined as 
being the number of clusters at the end of the clustering. Thus, in the neural network learning system shown 

so in FIG.16 wherein the number of clusters varies in the clustering process, it is possible that the number of the 
linear combinations in the determining part 104 (i.e., the number of parameters for defining the probability dis- 
tributions) can be easily determined by the use of the estimation computing part 130 and the size detecting 
part 131. Thus, the cluster size in the neural network can be easily and reliably determined. 

In the third embodiment described above, the input-output relationship is inferred by using the probability 

55 density function. The parameter for defining each probability density function can be easily and quickly ob- 
tained via the learning, and the learning of the parameter to detect its optimal value is achieved by readily con- 
vergent clustering and simple statistic quantity computation. The time consuming inference performed in the 
known error back-propagation method is not required, and the teaming time is remarkably reduced and the 
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optimal value of the parameter can be reliably found after learning. A plurality of desired outputs for a given 
input can be obtained in accordance with the probability density function according to formula (39). For ex- 
ample, when the above described learning system is applied to character recognition, it is possible that the 
maximum value is selected from among the output probabilities resulting from the character recognition and 

5 the others are rejected. 

FIG. 17 shows a fourth embodiment of the learning system according to the present invention. In FIG. 17, 
the parts which are the same as the corresponding parts shown in FIG.15 are designated by the same refer- 
ence numerals, and a description thereof will be omitted. In the learning system shown in FIG.17, a parameter 
learning part 113 includes the data storage part 107, the clustering part 108, a parameter initializing part 114, 
10 and a parameter update part 115. 

The parameter initializing part 114 shown in FIG.17 corresponds to the parameter computing part 109 
shown in FIG.15. This part performs a process similar to the process performed by the parameter computing 
part 109. In the parameter initializing part 114, parameters are computed in accordance with the statistical 
quantities of the clusters from the clustering part 1 08. The parameters from the parameter initializing part 114 
15 are stored in the parameter storage part 105 as the initial values of the parameters. 

More specifically, when the data of the clusters from the clustering part 108 is in accordance with a normal 
distribution, the parameter initializing part 114 produces the average mh of the data of the clusters Ah, the 
standard deviation matrix oh thereof, and the coefficients Ch of the linear combinations, so that a parameter 
of the normal distribution for each cluster is produced. The parameter initializing part 114 outputs the resulting 
20 parameter w= (Ch. cm, mh), as the initial value, to the parameter storage part 105, so that the initial values of 
the parameters from the part 114 are stored in the parameter storage part 105. 

The parameter update part 115 shown in FIG.17 corresponds to the probability density determining part 
11 shown in FIG.2. This part 115 performs a process similar to the process performed by the determining part 
11 Starting from the initial values of the parameters stored in the parameter storage part 105, the parameter 
25 update part 115 performs the updating of the parameters defining the probability density function by using 
the maximum likelihood method, and finally determines the optical values of the parameters as the result of 
the inference performed according iu ihtsi Maximum likelihood method. 

As described above, in the learning system shown in FIG.1 7, after the clustering of t he teaching data stored 
in the data storage part 107 is performed by the clustering part 108, the parameter initializing part 114 deter- 
30 mines parameters defining the probability density function P(w; x, y) in accordance with the statistical quan- 
tities of the clusters from the clustering part 108. The initial values of the parameters from the parameter ini- 
tializing part 114 are thus stored in the parameter storage part 105. 

Starting from the initial values of the parameters stored in the parameter storage part 105, the parameter 
update part 115 computes the logarithm likelihood function of probabilities L(w) for a set of given input and 
35 output samples [xs, ys] (s= 1 , 2 N), as follows. 
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L (w) = Z£l Iob P C w : x . . y .) 

(42) 

By applying the maximum likelihood method to the probability function L(w) of formula (42), the parameters 
are updated from the initial values so as to satisfy the required condition that the function L(w) has the max- 
imum value, in accordance with the following rule derived from the above formula (42). 

dw/d X — 8L (w) /dw 

= ±l (5 P' (w : x. . y . ) /Sw) /? (w : x. . y . )(43) 



The maximum value of the function L(w) can be obtained by finding a value of each parameter such that 
the parameter differential dw according to formula (43) having that value of the parameter is smaller than a 
predetermined reference value "E" through the maximum likelihood method. 
55 When the parameter differential dw according to formula (43) is smaller than the reference value "E", it is 

determined that the corresponding parameter has converged sufficiently, and the updating of the parameter 
is stopped. In this manner, the values of the parameters w are finally determined by the parameter update 
part 115 through the maximum likelihood method, so that the values of the parameters w are stored in the 



16 



EP0 554 083 A2 

parameter storage part 105. Thus, the output probability determining part 104 can carry out the inference of 
the input-output relationship (such as the actual character recognition) by using the values of the parameters 
stored in the parameter storage part 105. 

In the fourth embodiment described above, the initial values of parameters, which are the optimal values 

5 obtained as a result of the clustering of teaching data, are updated according to the maximum likelihood method 
to find global maximum values of the parameters, and it is possible to remarkably eliminate the problem of the 
known error back- propagation method (namely, local maximum values of the parameters found). The conver- 
gence of the parameters to the optimal maximum values can be smoothly and reliably achieved, and the learn- 
ing of the parameters according to the maximum likelihood method is reliable and speedy. 

10 In the fourth embodiment described above, it is possible that, even if the number of clusters varies during 

the clustering of teaching data due to the use of the hierarchical technique such as Ward method, the number 
of the linear combinations in the determining part 104 (i.e., the number of parameters for defining the prob- 
ability distributions) can be easily determined similarly to the case of the learning system shown in FIG. 16. 
In the learning system shown in FIG. 18, the parameter learning part 113 further includes the estimation 

15 computing part 130 and the size detecting part 131. In FIG. 18, the parts which are the same as the corre- 
sponding parts shown in FIG. 17 are denoted by the same reference numerals. When the clustering part 108 
performs the clustering of teaching data by using the hierarchical technique such as Ward method, the esti- 
mation computing part 130 computes the value of the estimation function E each time two clusters are linked 
during the clustering by the clustering part 108. The size detecting part 131 detects whether or not the value 

20 of the estimation function E from the estimation computing part 130 is greater than a prescribed threshold val- 
ue. When it is detected that the value of the estimation function E is greater than the threshold value, the clus- 
tering of the teaching data by the clustering part 108 is stopped. 

The number H of the linear combinations in the output probability determining part 104 is determined as 
being the number of clusters at the end of the clustering. Thus, in the neural network learning system shown 

25 in FIG. 18, it is possible that the number of the linear combinations in the determining part 104 (i.e., the number 
of parameters for defining the probability distributions) can be easily determined. Thus, the size of clusters in 
the neural network can be easily determined. 

In the above described third and fourth embodiments, the clustering of teaching data is performed by using 
either the non-hierarchical classifying technique such as K-mean method or the hierarchical classifying tech- 

30 nique such as Ward method. However, it is difficult to achieve the optimal clustering of teaching data for any 
kind of the data because the items of data of clusters obtained in the clustering have different configurations 
(such as the data features, or the data distributive structure). •.-.■•»• 

Next, a description will be given of a data analyzing device used in the learning system of the present in- 
vention in which the optimal clustering of data is performed even if the items of data of clusters have different 

35 configurations. 

FIG.1 9 shows a data analyzing device used in the learning system according to the present invention. This 
data analyzing device is applicable to the data analysis for the design of a character recognizing system, voice 
recognizing system or image recognizing system, or to the statistical data analysis of multi-dimensional data 
in psychological or medical science. 

40 In the data analyzing device shown in FIG.1 9, there are a data storage part 201 , a parameter storage part 

202, a parameter initializing part 203, a data classifying part 204, a parameter update part 205, and a conver- 
gence discriminator 206. In the data storage part 201 , a set of data which is subjected to the clustering men- 
tioned above is stored. The data classifying part 204 classifies the data, stored in the data storage part 201, 
into a number of clusters. In the parameter storage part 202, a plurality of parameters is stored for the clusters, 

45 each parameter defining the probability distribution (such as normal distribution) of the data stored in the data 
storage part 201 . Before the clustering of the data is performed, the parameter initializing part 203 determines 
the initial values of the parameters from the data in the data storage part 201, and stares the initial values of 
the parameters for the respective clusters in the parameter storage part 202. 

The data classifying part 204 obtains a probability distribution of the data in the data storage part 201 for 

so each cluster in accordance with the parameters stored in the parameter storage part 202, and classifies the 
data stored in the data storage part 201 into a number of clusters in accordance with the probability distribution 
of the data, so that the allocation of the data to the clusters is determined. The parameter update part 205 
updates the parameters in the parameter storage part 202. The convergence discriminator 206 stops the up- 
dating of the parameters when a prescribed discrimination criterion is satisfied, so that the clustering of the 

55 data is completed. 

Next, the operation performed by the data analyzing device shown in FIG. 19 will be described. In the data 
storage part 201 , a set of data [(xs), 1 ^ s ^ S] is stored, each of the data xs being vector data having N data 
elements. For the sake of convenience, it is assumed that the set of data in the data storage part 201 is in 
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accordance with the normal distribution, and that a plurality of *■ clusters are preset in accordance with the 
normal distribution of the data. * 

In the parameter storage part202,"K" parameters wh= <mh. <xh, Ch) (1 = hsK) are stored, each parameter 
defining the normal distribution for one of "K» clusters Ah (1 £ h £ K). In each of the parameters wh stored ,n 
the parameter storage part 202. "mh" is the average, "oh" is the standard deviation, and "Ch is the coefficient 
indicating the approximate frequency at which the data is allocated to the duster Ah. The parameters wh are 
determined according to the probability distributions Ph indicated by this probability density function: 

P (w ; x) = ;ib P» < w » : x > 

h - i 

p„ (\\\ ; x) =Cn N (m„ . a, ) (x) X CB. (x) ) (44) 

One of the probability distributions corresponds to one of the clusters obtained through the clustering of 
the data In other words, the number K of linear combinations accords with the number of clusters Ah. In the 
above formula (44). "N(mh, oh) (x)" is the density set of the normal distribution of the average matnx mh and 
the standard deviation matrix oh, and "Bh (x)« is the set of the inputs x in which the following conditions are 
satisfied by the value of the inputs x. 

B h (x) = {x I Ch N (m h , a„)(x) s C, N (m, , <t,)(x), 1 £ j S K) (45) 

"X [Bh (x)]" in formula (44) is the characteristic function of the set Bh (x) in formula (45). Here, the likelihood 
function U(w) with respect to the probability distribution P(w; x) according to formula (44) is defined as follows. 

L" (w) = fl ( IE! P" Cw» : x. )) 

•-' (46) 

Assuming that one item of the input data xs in one of the dusters Ah meets the requirement Ph (wh; xs) 
is not equal to 0. the following likelihood function L'(w) is derived. 

L (W) = log Pr, (W. ; X. ) (47) 

In this formula, xs is an element of the set Bh of formula (45). 

Before the actual clustering of the data is started, the parameter initializing part 203 determines the initial 
values of the parameters wh= (mh, ch, Ch) (1 s h a K). _ . t 

After the initial values of the parameters wh are stored in the parameter storage part 202, the data clas- 
sifying part 204 and the parameter update part 205 alternatively perform the clustering process (the data being 
dassif ied into dusters) and the parameter updating process. 

More specifically, the data dassifying part 204 reads out each item of data xs from the data storage part 
201 and computes the value of Ph (wh; xs) for each of the dusters Ah (1 s h s K) based on the parameters 
wh stored In the parameter storage part 202. The data classifying part 204 detects what duster corresponds 
to the maximum value of Ph (wh; xs) among the computed values of Ph (wh; xs) for the respective clusters 
Ah. For example, when the n-th duster Ah corresponds to the maximum value of Ph (wh; xs), the data das- 
sifying part 204 determines that the data item xs belongs to the n-th duster Ah. 

After the dustering of the data as mentioned above is performed for all the data in the data storage part 
201 the parameter update part 205 computes the average mh and standard deviation oh of data belonging 
to each of the dusters Ah. Based on the results of the computation, the parameter update part 205 updates 
the parameters "mh" and "oh" in the parameter storage part 202. Also, with respect to the coefficient Ch, the 
number of items of data belonging to each of the dusters is divided by the total number "S" of items of date .n 
the data storage part 201, so that the resulting value becomes the updated value of the coefficient Ch of the 

Par Tf t« the parameter updating process mentioned above is performed, the data dassifying part 204 again 
performs the clustering process with the data stored in the data storage part 201 based on the updated para- 
meters wh stored in the parameter storage part 202 in a manner similar to that previously described above. 
After the clustering process is performed, the parameter update part 205 again performs the parameter up- 
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dating process based on the data of the resulting clusters. 

Due to the repeated procedure of alternatively performing the clustering process and the parameter up- 
dating process as mentioned above, the value of the logarithm likelihood function L'(w) of formula (47) is In- 
creased step by step. When the parameters wh are determined or fixed, the data classifying part 204 allocates 

5 the data xs to the clusters such that the function Ph (wh; xs) has the maximum value. Thus, the value of the 
function L'(w) is increased. In the meantime, when the classification of data in the clusters is determined or 
fixed, t he parameter update part 205 updates the average "mh a and standard deviation "oh" of the parameters 
in the parameter storage part 202 such that they become the average and standard deviation for the clusters. 
The value of the function L'(w) is increased step by step, according to a well known principle of the maximum 

w likelihood method when it is applied to the normal distribution. 

The convergence discriminator 206 shown in FIG. 19 detects whether or not a prescribed discrimination 
criterion is satisfied. When it is detected that the criterion is satisfied, the convergence discriminator 206 in- 
structs the parameter update part 205 to stop the updating of the parameters in the parameter storage part 
202, so that the parameters stored in the parameter storage part 202 are finally determined. After the updating 

15 of the parameters is stopped, the data classifying part 204 performs the clustering of the data at one time 
based on the finally determined parameters in the parameter storage part 202, so that the data xs of the clus- 
ters is finally determined. 

FIG. 20 shows a construction of the convergence discriminator of the data analyzing device shown in 
FIG.19. In FIG.20, the parts which are the same as the corresponding parts shown in FIG.19 are denoted by 
20 the same reference numerals. In the convergence discriminator 206 shown in FIG.20, a parameter change 
computing part 207 and a comparator 208 are provided. The parameter change computing part 207 determines 
change from the sum of squares of weighted errors of the parameters previously stored (before the updating) 
in the parameter storage part 202 to the sum thereof computed from the parameters currently stored in the 
part 202 after the updating is performed. The comparator 208 detects whether or not the change obtained by 
25 the parameter change computing part 207 is smallerthan a prescribed threshold value TH1. When it is detected 
that the change is smaller than the value TH1, it is judged that the convergence criterion has been met. The 
comparator 208 at that time instructs the parameter update part 205 to stop the updating of the parameters. 

FIG. 21 shows another construction of the convergence discriminator which can be used in the data ana- 
lyzing device shown in FIG.19. In FIG. 21, the parts which are the same as the corresponding parts shown in 
30 FIG.19 are denoted by the same reference numerals. In the convergence discriminator 206 shown in FIG.21, 
a parameter update counter 210 and a comparator 211 are provided. The parameter update counter 210 in- 
crements a count indicating the number of updating attempts the parameter each time the updating process 
is performed by the parameter update part 205. 

The comparator 211 detects whether or not the count obtained by the parameter update counter 210 is 
35 greater than a prescribed threshold value TH2. When it is detected that the count is greater than the value 
TH2, it is judged that the convergence criterion has been met. The comparator 211 at that time instructs the 
parameter update part 205 to stop the updating of the parameters. 

In the above described data analyzing devices shown in FIGS. 19 to 21 , the parameters defining the prob- 
ability density function for the items of data in each cluster are updated according to the result of the clustering 
40 of the data. Thus, it is possible to achieve the optimal clustering of the data for any kind of data even if the 
items of data of clusters obtained in the clustering have different configurations such as the data features, or 
the data distributive structure. Due to the updating of the parameters, it is possible to clarify the configurations 
of the data of the clusters so that the optimal clustering of the data can be performed. 

FIG. 22 shows another data analyzing device used in the learning system of the present invention, wherein 
45 the optimal clustering of data is performed even if the items of data of clusters have different configurations. 

In the data analyzing device shown in FIG. 22, there are a data storage part 221, a maximum likelihood 
(M/L) inference part 222, a parameter storage part 223, and a cluster determining part 224. In the data storage 
part 221, a set of data which is subjected to the clustering is stored. The M/L inference part 222 determines 
parameters for defining* distributions for the data in the data storage part 221 through the maximum likelihood 
so method mentioned above. 

In the parameter storage part 223 shown in FIG.22, the parameters from the maximum likelihood inference 
part 222 are stored for the clusters, each parameter defining the probability distribution (such as normal dis- 
tribution) of the data stored in the data storage part 221. Based on the parameters stored in the parameter 
storage part 223, the cluster determining part 224 estimates the probability distributions of the data stored in 
55 the data storage part 221 for each of clusters, and determines which cluster the data belongs to in accordance 
with the results of the estimation of the probability distribution thereof. 

Next, the operation performed by the data analyzing device shown in FIG.22 will be described. Similarly 
to the data analyzing device shown in FIG.19, in the data storage part 221, a set of data [(xs), 1 ^ s ^ S] is 
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stored. It is assumed that the set of data is the samples distributed in accordance with the pmbability distrib- 
utions of the probability density functions indicated by the linear combinations of normal distributions. The prob- 
ability distributions are represented by the following formula. 

P (w. x) = db C* N (m* . o, ) (x) 

r> - j 

N <nu . o> )(x) = (2r) • I a» I "" 5 • 

eNP {- ( 1 /2)-(x -m,. )' c»-'(x -nru ) ) 

(48) 

One of the clusters corresponds to one of the normal distributions. It is assumed that the number of dusters 
is preset to the number »K" of the linear combinations according to the normal distributions In the parameter 
storage part 223. "K" parameters wh= (mh. crh. Ch) (1 £ h £ K) are stored, each parameter defining the normal 
distribution for one of "K" clusters Ah (1 ShsK). „„„ matrS „ 

"N (mh oh) (x)" In formula (48) is the function indicating the normal distribution, "mh is the average matrix 
and "oh" is the standard deviation matrix. Also. "Ch" is the coefficient of the linear combinations of the normal 

d,S %rom the date stored in the data storage part 221. which is the samples distributed in accordance with 
the probability distribution of formula (48). the M/L inference part 222 obtains the optimal values of the para- 
meters for the data. The optimal values of the parameters can be obtained by finding the parameters w when 
the following logarithm likelihood function L2 (w) has the maximum value. 

L, (w) = P (vr:x. ) ^ 

In order to find the parameters w when the function L2(w) according to formula (49) has the maximum 
value, the maximum likelihood method is applied as described above. 

w (n + 1 ) =w + a 

When the maximum likelihood method is applied, the parameters w are updated according to the updating rule 

^he'pSure performed according to the updating rule mentioned above is repeated until a prescribed 
convergence criterion is satisfied, so that the optimal values of the parameters w can be obtained Thus, the 
M/L inference part 222 obtains the optimal values of the parameters wh= (mh, oh, Ch) (1 s h 31 K). 

When the optimal values of the parameters wh are determined by the M/L inference part 222, they are 
stored in the parameter storage part 223 for each cluster. Based on the parameters wh stored in the parameter 
storage part 223 for each cluster, the cluster determining part 224 determines the values o the respecbve 
clusters Ah (1 & h s K). More specifically, the value (the distribution data) of Ch N (mh, oh) (xs) (1SH = K) 
can be determined for each cluster in response to the data xs In the data storage part 221. For example, when 
the above mentioned value for the n-th cluster is the maximum, it Is judged the data xs belongs to the cluster 
Ah 

' In the data analyzing device shown in FIG.22. the clustering of the data is carried out through the inference 
of the probability distribution of the data, and it is possible to achieve the optimal clustering of the data for any 
kind of data even if the items of data of clusters obtained in the clustering have different configurations. Due 
to the Inference of the probability distribution of the data, it is possible to clarify the configurations of the data 
of the clusters so that the optimal clustering of the data can be easily and reliably performed. 
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Claims 

1 . A neural network learning system in which an input-output relationship Is inferred from a set of given input 
and output samples, characterized in that said neural network learning system comprises: 
5 probability density means (12) for determining a probability density on a sum space of an input 

space and an output space from a set of given input and output samples by learning, said proba baity den- 
sity on the sum space being defined to have a parameter; and 

inference means (13) for determining a probability density function based on the probability density 
from said probability density means (12), so that an input-output relationship of the samples is inferred 
10 from the probability density function having a parameter value determined by learning, 

wherein said learning of the parameter is repeated by said inference means (13) until the value of 
a predefined parameter differential function using a prescribed maximum likelihood method is smaller 
than a prescribed reference value, thereby determining said parameter value. 

15 2. A neural network learning system according to claim 1, characterized in that said probability density of 
said probability density means (12) is derived from the linear combination of exponential functions exp (- 
a(w, x, y)) with respect to the given input and output samples, where w is the parameter, x Is the Input 
vector and y is the output vector. 

20 3. A neural network learning system according to claim 1, or 2, characterized in that the input and output 
samples are distributed on the sum space in accordance with a normal distribution, and said probability 
density of said probability density means (12) is derived from the linear combination of the normal dis- 
tributions with respect to the input and output samples, said normal distributions defined by Gaussian type 
exponential functions. 
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4. A neural network learning system according to claim 1, 2 or 3, characterized in that said system further 
comprises conditional probability distribution means (24) for computing a conditional probability distribu- 
tion from a given sample in accordance with the probability density function from said inference means, 
and output means (25) for obtaining an inference value based on the conditional probability distribution 
from said conditional probability distribution means (24) and for outputting said inference value. 

5. A neural network learning system according to claim 4, characterized in that said conditional probability 
distribution of said conditional probability distribution means (24) computed in accordance with the prob- 
ability density function is a probability function P(w; y I x), and said output means (25) obtains the average 
of outputs y in accordance with said function P(w; y | x) for a given input x as said inference value so that 
said average of the outputs y is output by said output means (25). 



6. A neural network learning system according to claim 4, characterized in that said conditional probability 
distribution of said conditional probability distribution means (24) computed in accordance with the prob- 
ability density function is a probability function P(w; y I x), and said output means (25) obtains and outputs 

40 a set of outputs y of said function P(w; y | x) for a given input x together with a set of output probabilities 

P(w; y | x) corresponding to the respective outputs y. 

7. A neural network learning system according to claim 4, characterized in that said conditional probability 
distribution of said conditional probability distribution means (24) computed in accordance with the prob- 

45 ability density function is a function P(w; x I y), and said output means (25) obtains the average of inputs 

x in accordance with said function P(w; x I y) for a given output y as said inference value so that said aver- 
age of the inputs x is output by said output means (25). 

8. A neural network learning system according to claim 4, characterized in that said conditional probability 
so distribution of said conditional probability distribution means (24) computed in accordance with the prob- 
ability density function is a function P(w; x I y), and said output means (25) obtains and outputs a set of 
inputs x in accordance with said function P(w; x I y) for a given output y, together with a set of values P(w; 
x | y) corresponding to the respective inputs x. 

55 9. A neural network learning system according to any one of claims 4 to 8, characterized in that a probability 
of occurrence for a given input is obtained based on the probability density of said probability density 
means (12), so that said output means (25) obtains and outputs the inference value for said given input 
based on said probability of occurrence. 
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1 0. A neural network learning system according to any one of claims 4 to 8. characterized in that a probability 
of occurrence for a given output is obtained based on the probability density of sa.d probability density 
means (12), so that said output means (25) obtains and outputs the inference value for the given output 
based on said probability of occurrence. 

11 A neural network learning system according to any one of claims 4 to 8. characterized in that an output 
and a probability of occurrence are obtained by said output means (25) for a given input, a probability 
density to determine the probability of occurrence being approximated by a linear combination according 
to a prescribed probability distribution function and being obtained by learning, said learning being repeat- 
ed using a prescribed maximum likelihood method. 

12 A neural network learning system according to claim 11 . characterized in that, when the probability of oc- 
' currence for the given input is obtained by said output means (25), it is determined whether or not the 

given input is known or unknown based on said probability of occurrence for the given input. 

13 A neural network learning system according to any one of claims 4 to 12, characterized In that said infer- 
ence value and the variance of the inference value are determined by learning which is performed based 
on the probability density of said probability density means (12) on the sum space for the given input and 
output samples. 

14. A neural network learning system according to claim 13, characterized in that said probability density of 
said probability density means (12) is defined to have a first parameter w1 used to determine the inference 
value and a second parameter w2 used to determine the variance of the inference value, and that the 
learning of each of the parameters w1 and w2 is repeated until the sum of squares of values of a predefined 
parameter differential function using a prescribed maximum likelihood method with respect ta .he firs and 
second parameters Is smallerthan a prescribed reference value so as to determine values of the first and 
second parameters, thereby the inference value and the variance thereof are determined. 

15. A neural network learning system according to claim 14. characterized in that said probability density of 
said probability density means (12) is derived from the linear combination of exponential function exp [- 
(y - a(w2, x))/cr(w1, x)) 2 ) with respect to the given inputs x and outputs y. 

16 A neural network learning system according to claim 15. characterized in that the function o(w1 . x) of said 
exponential function is derived from the linear combination of Gaussian type exponential functions. 

17. A neural network learning system according to daim 14. characterized in that a tolerance of t he inference 
value at a given critical factor in which a required condition is satisfied is output based on the output of 
an average function, defined to have the second parameter w2. and based on the output of a variance 
function, defined to have the first parameter w1 . 

18. A neural network learning system in which an input-output relationship for a set of input and output sam- 
ples is predetermined, characterized in that said neural network learning system compnses: 

output probability means (104) for determining output probabilities for given inputs in accordance 
with probability distributions on a sum space of an Input space and an output space; and 

parameter learning means (103) for carrying out a learning of parameters, the parameters respec- 
tively defining the probability distributions of said output probability means, 

wherein said parameter learning means (103) includes clustering means (108) for classifying the 
given data on the sum space into a set of clusters to determine statistical quantities of data in each of the 
clusters, and parameter computing means (109) for determining values of the parameters for the prob- 
ability distributions of the output probability means (104) based on the statistical quantities of the data 
from the clustering means (108). 

19 A neural network learning system according to daim 18, characterized in that said parameter computing 
means (109) determines the values of the parameters for the probability distributions, each parameter 
having an average of each probability distribution, a variance thereof and the coefficient of the Imeonv 
binations. the values of said parameters being determined by said parameter computing means (109 
based on the statistical quantities of the data in each of the clusters, said parameter learning means (103) 
supplying said values of said parameters to said output probability means (104). 
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20. A neural network learning system according to claim 18 or 19, characterized in that the number of clusters 
in said clustering means (108) accords with the number of linear combinations of probability distributions 
used In the output probability means (104). 

5 21. A neural network learning system according to claim 18, 19 or 20, characterized in that said clustering 
means (108) carries out the classifying of the given data into clusters by using a prescribed non-hierarch- 
ical classifying method, and the number of linear combinations of probability distributions used In said 
output probability means (104) is predetermined as being the same as the number of clusters from said 
clustering means (108). 

10 

22. A neural network learning system according to claim 18, 19 or 20, characterized in that said clustering 
means (108) carries out the classifying of the given data into clusters by using a hierarchical classifying 
method, and the number of clusters in said clustering means (108) is determined at the end of said clas- 
sifying, the number of linear combinations of probability distributions used in said output probability means 

15 (104) being determined as being the same as said number of clusters. 

23. A neural network learning system according to any one of claims 18 to 22, characterized in that said para- 
meter learning means (103) includes: 

initializing means (114) for obtaining initial values of the parameters from said clustering means and 
storing the intial values of the parameters in a storage part of the output probability means; and 

updating means (11 5) for updating the parameters by performing an inference process using a pre- 
scribed maximum likelihood method, starting from the initial values of the parameters stored in the storage 
part, so that optimal values of the parameters are determined. 

24. A data analyzing device for use in a neural network learning system and for performing a clustering of a 
25 set of given data, characterized in that said device comprises: 

classifying means (204) for classifying data, stored in a first storage part (201), into a set of clusters 
in accordance with a prescribed probability distribution with respect to data included in each cluster so 
as to allocate the given data to the clusters; 

initializing means (203) for determining initial values of parameters from the data in the first storage 
30 part (201), each of said parameters including an average, a standard deviation, and a coefficient to define 

the probability distribution of the data for each cluster, and said initial values of the parameters being stor- 
ed in a second storage part (202); and . 

parameter updating means (205) for updating said parameters in said second storage part (202) 
for each cluster each time the given data is allocated by said classifying means (204) to the clusters, 
35 wherein the data is repeatedly classified by said classifying means (204) into a set of clusters in 

accordance with a probability distribution based on said parameters in said second storage part (202) 
each time said parameters are updated by said parameter updating means (205). 

25. A data analyzing device according to claim 24, characterized in that said device further comprises con- 
vergence discrimination means (206) for detecting whether or not a prescribed convergence criterion is 
satisfied by the parameters being updated, wherein said convergence discriminating means (206) in- 
structs said parameter updating means (205) to stop the updating of the parameters when the conver- 
gence criterion is satisfied. 

45 26. A data analyzing device according to claim 25, characterized in that said convergence discriminating 
means (206) computes a change in the parameters from the sum of squares of weighted errors of the 
parameters previously stored in the second storage part (202) to the sum thereof obtained from the para- 
meters after the updating is performed, and instructs said parameter updating means (205) to stop the 
updating of the parameters when it Is detected that the change is smaller than a prescribed threshold 

so value. 

27. A data analyzing device according to claim 25, wherein said convergence discriminating means (206) in- 
crements a count each time the updating of the parameters is performed, and instructs said parameter 
updating means (205) to stop the updating of the parameters when it is detected that the count is greater 
55 than a prescribed value. 
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